In recent years, volunteered-geographic-information (VGI) image data have served as a data source for various geographic applications, attracting researchers to assess the quality of these images. However, these applications and quality assessments are generally focused on images associated with geolocation through textual annotations, which is only part of valid images to them. In this paper, we explore the distribution pattern for most relevant VGI images of specific landmarks to extend the current quality analysis, and to provide guidance for improving the data-retrieval process of geographic applications. Distribution is explored in terms of two aspects, namely, semantic distribution and spatial distribution. In this paper, the term semantic distribution is used to describe the matching of building-image tags and content with each other. There are three kinds of images (semantic-relevant and content-relevant, semantic-relevant but content-irrelevant, and semantic-irrelevant but content-relevant). Spatial distribution shows how relevant images are distributed around a landmark. The process of this work can be divided into three parts: data filtering, retrieval of relevant landmark images, and distribution analysis. For semantic distribution, statistical results show that an average of 60% of images tagged with the building's name actually represents the building, while 69% of images depicting the building are not annotated with the building's name. There was also an observation that for most landmarks, 97% of relevant building images were located within 300 m around the building in terms of spatial distribution.
Introduction
Volunteered-geographic-information (VGI) images are data associated with a specific geographic location through visual content or metadata such as coordinates and textual descriptions (e.g., location name) [1] . With the continuous contribution of volunteers around the world, these data contain a significant proportion of geographic information about our surroundings. This information has been used in various geographic applications in recent years, such as place-semantic-information extraction [2] [3] [4] , scene summarization [5] [6] [7] , and 3D reconstruction [8] [9] [10] [11] [12] [13] [14] .
However, there are several issues when it comes to acquiring the relevant images for these applications from a large amount of VGI image data. The contamination issue, which was introduced in the work of Raguram et al. [9] , means that the image content may not correspond to textual annotations such as tags and titles. Considering that querying with specific keywords (the name of the landmark) is a common way to collect reference data, this issue has two aspects of effects on these studies. First, retrieved images may not correspond to the geographic entity from its content. Second, some content-related images are normally missing due to imprecise descriptions in the annotated tags. Another way to retrieve VGI images is to search images close to a specific geolocation, but how much of the area surrounding the place should be searched remains an open question. Further, there are, most of time, many irrelevant images posted close to a place, and these images cannot be excluded by only setting a region around the place.
In order to solve the abovementioned problem and provide a better understanding of the quality of VGI image data, quality assessment has been conducted in various studies in recent years. Depending on the intended usage of the assessment, studies can be classified into semantic-accuracy analysis and positional-accuracy analysis. While positional-accuracy analysis mainly focuses on the correctness of geographic coordinates, semantic-accuracy evaluates the consistency between visual content and textual annotations. However, images analyzed in these studies are generally semantic images (tagged with specific keywords), while content-related but semantic-unrelated images received little consideration.
In this paper, the existing quality analysis was extended by exploring the distribution patterns of images collected from Flickr. Taking landmarks as an example, images are considered as not only semantic-related but also content-related. In order to retrieve content-related images, in a first step, we used an image-clustering technique to identify representative images of a landmark from semantic-related images. Then, these representative images were treated as visual queries to retrieve content-related images of the landmark. The distribution pattern of these images was studied in terms of two dimensions: (i) semantic distribution and (ii) spatial distribution. More specifically, semantic-distribution patterns show the accuracy of textual annotations (i.e., tags) by providing the proportion of images that were both tagged with the name of the given landmark and that visually represents the landmark. Further, it depicts the proportion of images that only associate with landmarks through visual content. Spatial distribution demonstrates the spatial relationship between content-related images and the actual landmark location.
The main contributions of this paper are twofold. First, we proposed a framework to find images referring to a certain building. Second, we found the empirical searching ranges of images to their corresponding buildings on Flickr based on our experiments in London. This should be an important value to set initial search regions for research communities when searching for images of specific buildings.
The remainder of this paper is structured as follows. We review the work related to this paper in Section 2. In Section 3, we introduce our data-filtering work and the landmark-image retrieval process. Section 4 describes the experiment results, and Section 5 provides a detailed discussion. Section 6 concludes the whole work.
Related Work

Applications Based on VGI Images
In recent years, VGI image data have been widely used in spatial analysis tasks. Georeferenced photos contain not only visual content but also textual metadata (tags, titles, descriptions) added by users to describe the images. This information can be used in many applications. For instance, Popescu et al. [2] and Keßler et al. [3] extracted georeferenced entities from VGI images and utilized them to build a geographic gazetteer. Mackaness et al. [4] used the Term Frequency-Inverse Document Frequency (TF-IDF) algorithm to identify place-related tags with different levels of spatial detail. In addition to studies concerning the extraction of georeferenced information from textual metadata, some researchers are interested in the visual content of VGI images. A scene summarization problem was formulated in selecting a set of images that efficiently represent the visual content of a scene [5] . Kennedy et al. [6] introduced a context-and content-based approach to generate a representative set of images for landmarks. They extended the work of Simon et al. [5] by using location and textual information to automatically identify landmarks on a city scale.
Three-dimensional reconstruction based on VGI images is a complex research topic that benefits from various computer-vision tasks such as image retrieval and scene summarization as cited above. For instance, a comprehensive solution that combined image retrieval, scene summarization, and structure from motion (SFM) techniques to construct 3D landmark models was proposed in [9] .
The utilization of scene summarization selects a subset of images that maximize the accuracy and completeness of the reconstruction result while minimizing computation time [15] . Although the image subset have different names in different studies, such as "canonical views" [5, 8] , "representative images" [6] , or "iconic images" [9] , their methods are essentially based on image clustering because people prefer to take photos from specific viewpoints, giving rise to many groups of photos with a similar appearance. While the abovementioned works are focused on improving the accuracy or efficiency of reconstruction work, there are also some researchers that focus on improving the image-retrieval process to obtain a better raw dataset before image clustering. Chum et al. [16] proposed visual-query expansion with spatial constraints to obtain more images related to a landmark. Gammeter et al. [12] expanded the small cluster by exploiting cross-media information (Wikipedia, Google), and they proved that the expanded dataset achieved better reconstruction results.
VGI Image Quality Assessment
Most of the researchers introduced above used the textual query method to retrieve images they needed. However, one of the inherent issues of VGI images is that image content may not correspond to the textual description, such as tags and titles. As shown in Figure 1 , a photo named "Buckingham Palace" actually represented another landmark, namely, the London Eye. Unmatched tags can cause a certain number of irrelevant images to be retrieved in their work. To investigate how accurate the textual information of VGI images is, Zhong and Zhou [17] used the original keyword-based query (querying an entity with its name) to retrieve Flickr images and checked whether the returned images contained the entity. Their results showed that the mean accuracy of Flickr images was less than 50%. Panteras et al. [18] were interested in using VGI imagery for disaster response. Therefore, the most important issue was whether the images retrieved from the VGI platform reflected the ground truth of the area where the disaster happened. They selected a wildfire disaster as a case study and obtained 255 geotagged images through querying keywords such as fire and wildfire, as well as the toponyms of the affected area. Accuracy assessment showed that 56.2% of user-tagged annotations could be considered reliable. Moxley et al. [19] investigated the correlation between visual features and user-generated tags, with results showing that 57% of the tags could be regarded as visually identifiable tags. completeness of the reconstruction result while minimizing computation time [15] . Although the image subset have different names in different studies, such as "canonical views" [5, 8] , "representative images" [6] , or "iconic images" [9] , their methods are essentially based on image clustering because people prefer to take photos from specific viewpoints, giving rise to many groups of photos with a similar appearance. While the abovementioned works are focused on improving the accuracy or efficiency of reconstruction work, there are also some researchers that focus on improving the image-retrieval process to obtain a better raw dataset before image clustering. Chum et al. [16] proposed visual-query expansion with spatial constraints to obtain more images related to a landmark. Gammeter et al. [12] expanded the small cluster by exploiting cross-media information (Wikipedia, Google), and they proved that the expanded dataset achieved better reconstruction results.
Most of the researchers introduced above used the textual query method to retrieve images they needed. However, one of the inherent issues of VGI images is that image content may not correspond to the textual description, such as tags and titles. As shown in Figure 1 , a photo named "Buckingham Palace" actually represented another landmark, namely, the London Eye. Unmatched tags can cause a certain number of irrelevant images to be retrieved in their work. To investigate how accurate the textual information of VGI images is, Zhong and Zhou [17] used the original keyword-based query (querying an entity with its name) to retrieve Flickr images and checked whether the returned images contained the entity. Their results showed that the mean accuracy of Flickr images was less than 50%. Panteras et al. [18] were interested in using VGI imagery for disaster response. Therefore, the most important issue was whether the images retrieved from the VGI platform reflected the ground truth of the area where the disaster happened. They selected a wildfire disaster as a case study and obtained 255 geotagged images through querying keywords such as fire and wildfire, as well as the toponyms of the affected area. Accuracy assessment showed that 56.2% of user-tagged annotations could be considered reliable. Moxley et al. [19] investigated the correlation between visual features and user-generated tags, with results showing that 57% of the tags could be regarded as visually identifiable tags. Since these geotagged images could also be obtained based on their locations, geotag-information accuracy affects the correctness of the retrieved images. For instance, an image in Figure 2 , which depicts Buckingham Palace, was located far away from the actual position of the building. To make better use of these VGI images, Hauff [20] evaluated their positional accuracy through measuring the distance between the true location of a venue captured in the photo and the location recorded in its metadata. He selected ten venues and retrieved images that contained the name of the venue in the textual metadata. His experiment results showed that the accuracy of images taken at popular venues was higher than those taken at unpopular venues. Since these geotagged images could also be obtained based on their locations, geotaginformation accuracy affects the correctness of the retrieved images. For instance, an image in Figure  2 , which depicts Buckingham Palace, was located far away from the actual position of the building. To make better use of these VGI images, Hauff [20] evaluated their positional accuracy through measuring the distance between the true location of a venue captured in the photo and the location recorded in its metadata. He selected ten venues and retrieved images that contained the name of the venue in the textual metadata. His experiment results showed that the accuracy of images taken at popular venues was higher than those taken at unpopular venues. The work of Zielstra and Hochmair [21] is similar to that of Hauff. They evaluated the positional accuracy of geotagged Flickr and Panoramio images through measuring the distance between imagecoordinate pairs and estimated camera position. They formulated a manual estimation of the camera position based on the image content in order to avoid many of the limitations brought about by automatic approaches. Their experiment results showed that street-related features such as buildings had higher accuracy than other features. Senaratne et al. [22] proposed reverse-viewshed analysis to evaluate the location correctness of an image. They selected two points of interests (POIs) and retrieved the photos that tagged the POI names. The location correctness of each photo was evaluated by checking whether the calculated visible area of the image containing the POI position. Their work revealed that, the closer the image to the corresponding POI was, the more accurate the textual and geolocation information is.
However, these works analyzed only a subset of images that related to an entity or a specific geographic location with textual descriptions. Considering that visual content is the key clue to associate it with a location, how many images are content-related and how they are distributed is important for content-based applications such as 3D building reconstruction. We adopted the scenesummarization techniques and the image retrieval introduced above to retrieve most content-related images of a landmark. The detailed process is discussed in the following section.
Data and Methods
In this section, the overview of the proposed approach to explore the distribution of VGI images is provided in Section 3.1. Section 3.2-3.4 then describes the methodology in detail. In Section 3.5, the definition and the distribution analysis aim are stated. The work of Zielstra and Hochmair [21] is similar to that of Hauff. They evaluated the positional accuracy of geotagged Flickr and Panoramio images through measuring the distance between imagecoordinate pairs and estimated camera position. They formulated a manual estimation of the camera position based on the image content in order to avoid many of the limitations brought about by automatic approaches. Their experiment results showed that street-related features such as buildings had higher accuracy than other features. Senaratne et al. [22] proposed reverse-viewshed analysis to evaluate the location correctness of an image. They selected two points of interests (POIs) and retrieved the photos that tagged the POI names. The location correctness of each photo was evaluated by checking whether the calculated visible area of the image containing the POI position. Their work revealed that, the closer the image to the corresponding POI was, the more accurate the textual and geolocation information is.
However, these works analyzed only a subset of images that related to an entity or a specific geographic location with textual descriptions. Considering that visual content is the key clue to associate it with a location, how many images are content-related and how they are distributed is important for content-based applications such as 3D building reconstruction. We adopted the scene-summarization techniques and the image retrieval introduced above to retrieve most content-related images of a landmark. The detailed process is discussed in the following section.
In this section, the overview of the proposed approach to explore the distribution of VGI images is provided in Section 3.1. Sections 3.2-3.4 then describes the methodology in detail. In Section 3.5, the definition and the distribution analysis aim are stated.
Overview of Exploring VGI Images Distribution Patterns
The approach to explore the distribution patterns of VGI images entails a series of steps as described below.
In the first step, Flickr images are downloaded through the Flickr Application Programming Interface (API). Since there are a significant number of images that do not represent any buildings or that were captured inside a building, which is hard to distinguish, these images are first filtered based on scene-recognition techniques to reduce the computational cost of the following process. The remaining images are deemed as building-related images. In the second step, image clustering is carried out with a subset of the building-related images that are tagged with the name of the landmark, that is, the semantic-related images. This process selects the most representative images of the landmark. Then, the selected representative images are treated as seeds to retrieve part of the content-related images that represent the landmark but are not tagged with its name. Finally, the retrieved images and the semantic-related images are used to analyze their distributions in terms of semantic and spatial distribution. Semantic distribution describes how well the Flickr image tags match the content, while spatial distribution depicts how images are distributed around the corresponding landmarks.
Flickr Dataset and Irrelevant-Building Images Filtering
Flickr is one of the most prominent photo-sharing websites, with users uploading as many as 25 million photos on a very-high-traffic day [23] . As per the statistics of Michel [24] , from 2004 (the year when Flickr started) until December 2016, a total of 5.87 billion public photos were uploaded. Developers and researchers can retrieve Flickr data through the Flickr API after registration.
The data retrieved from API are in JSON (or XML) format. The extracted information can be parsed into two parts, Flickr images and metadata. Metadata contain different kinds of information about these images, such as photo ID, title, tags, description, coordinates, and even the photo owner's information. Textual information (title, tags, description) is optionally provided by users, while location information is generated in two ways: built-in GPS device receivers and manual geotagging by photographer through web services.
The subjects of Flickr images can be classified into diverse types, such as portrait and landscape images. Most retrieved images without any buildings in their content can hardly provide useful information about a landmark. Therefore, those building-unrelated images were excluded in this work. However, it is infeasible to manually select building-related images from a large number of images. Many applications demand algorithms for the automated selection of building-related images.
Recently, the emergence of large datasets like ImageNet and the rise of Convolutional Neural Networks (CNNs) have significantly improved many computer-vision tasks [25] . Scene recognition, a hallmark task of computer vision, can be applied to automatically filter out useless images by checking image scene context. A scene-recognition image database named Places (http://places.csail.mit.edu/) contains 7 million labeled images of scenes and has greatly improved scene-recognition performance. The latest version of Places is Places2.
Places365-Standard is one of the latest subsets of Places2-365 refers to the 365 labeled scene categories for all 1.8 million images. In this work, we adopted classification network VGG16 that achieved the best performance in top1 accuracy on the Places365-Standard dataset. The trained network was able to automatically classify Flickr images into the 365 specified scene categories. Unfortunately, these scene categories could not directly be used to determine whether an image was building-related due to classification ambiguity. For instance, some building-related images are classified as "house", which is closely related to buildings, while others are classified with ambiguous labels such as "plaza" or "courtyard", as shown in Figure 3 . In order to overcome the above problem, a simple workflow has been designed in this work. We randomly selected 400 building-related images and classified them using the trained CNN model. The predicted labels that were obviously unrelated to buildings were filtered out, while the rest of the labels were considered as building-related image labels, as shown in Table 1 . Finally, these labels were applied to select the images whose classification result matched the building-related image labels. The workflow is illustrated in Figure 4 . Table 1 . Building-related image labels and other labels.
Type
Label Name
Buildingrelated image labels "apartment_building-outdoor", "building_facade", "church-outdoor", "courthouse", "courtyard", "embassy", "general_store-outdoor", "hospital", "hotel-outdoor", "house", "inn-outdoor", "library-outdoor", "mansion", "museum-outdoor", "oast_house", "office_building", "palace", "parking_garageoutdoor", "synagogue-outdoor"
Other labels "arcade", "arch", "atrium-public", "barndoor", "bus_station-indoor", "construction_site", "crosswalk", "drugstore", "fire_station", "formal_garden", "harbor", "kennel-outdoor", "loading_dock", "lock_chamber", "museum-indoor", "natural_history_museum", "parking_lot", "pharmacy", "playground", "promenade", "railroad_track", "shopping_mall-indoor", "temple-asia" 
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Representative Image Selection
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Retrieving all images of a given landmark is a complex task in the field of image retrieval. Normally, image-retrieval tasks retrieve all instances of an object from a large database through a given query image of that object. However, a landmark may have various appearances in different images. Hence, it is impossible to retrieve all relevant images based on a single query image. Further, the issue of the matching process aside, it is hard to manually select images that contain sufficient information about a landmark. Fortunately, according to [9] , most landmark images are often taken from certain viewpoints, forming groups of images with a similar appearance. Thus, instead of developing an image-retrieval algorithm that can retrieve most relevant images with a single image, we used an image-clustering technique to discover a set of images that formed a complete visual summary of the landmark. These images were regarded as representative images and then used as seeds to retrieve more relevant images.
In order to calculate the similarity between two images, it is necessary to find a suitable image descriptor. Although global image features, such as gist, were used in recent studies [13, 14] to speed up the image clustering process, the cost of it is loss of clustering accuracy. The reason is that global image features describe the overall appearance of an image rather than specific objects in the image. This leads to similar-looking images falling into different clusters due to changes in illumination or scaling. Furthermore, images with similar gist descriptors but irrelevant content are grouped into the same cluster.
To remedy this, local image feature Speeded Up Robust Features (SURF) [26] was used in this paper. This is a scale-and rotation-invariant interest point detector and descriptor that computes and compares much faster than the classical Scale Invariant Feature Transformation (SIFT) descriptor [27] . Compared with global image features, local image features can help to identify actual structural elements of real-world objects and ensure that the intended objects are actually contained in the images. In this work, each image in the raw dataset was represented by a set of 64-dimensional SURF feature vectors. For each pair of images, the features were matched by calculating the nearest Euclidean distance between all feature pairs and verified by applying the distance ratio test [27] . Furthermore, the matched feature pairs were filtered by applying geometric constraints to make sure that image pairs were consistent in appearance as well as geometry. The geometric relationship between image pairs was estimated by a random-sample-consensus (RANSAC) algorithm [28] . During each RANSAC iteration, four matched SURF keypoint pairs were randomly selected to compute a candidate fundamental matrix. The remaining matches that satisfied the fundamental matrix were treated as inliers, otherwise, as outliers. The iteration with the most inliers was retained. If the inliers were less than a threshold (10 in the implementation), the image pairs were regarded as inconsistent. Finally, in order to increase the ratio of correct matches, the image pairs with more inliers than the threshold in both the forward and reverse matching directions were retained.
To identify images with a similar appearance and group them into different clusters, the imageclustering process was performed using density-based spatial clustering for applications with noise (DBSCAN) [29] . This algorithm was configured by two parameters, namely, search radius (Eps) and minimum number of points within the search radius (MinPts). While alternative clustering methods, such as K-Means, were used in similar works [6, 9] , DBSCAN does not require a predefined cluster number. It is difficult to estimate a proper number of clusters for different landmarks. In addition, DBSCAN is robust to data noises that are common for these VGI images.
In this paper, the distance of two images in terms of their appearance was defined using Formula (1):
where I ij is the number of inliers for image pair (i, j) and I max and I min are the maximal and minimal number of inliers in the whole raw-reference dataset. According to this definition, the more similar two images are, the smaller the distance is. Therefore, the smaller Eps is, images in the same cluster appear more similar, while a larger MinPts can help to ensure higher quality for the clustered images. However, in the above steps, the value of Eps was set to be relatively small to achieve high quality of clustering results. This caused some relevant images that were less similar to other images to be classified as noise images. In order to retrieve discarded relevant images, the second round of clustering was applied to the noise images. The value of Eps was set higher than during the initial clustering to expose more image clusters. Finally, for images in each cluster generated from both the initial and the second clustering process, the cumulative distance was calculated. Images were ranked according to how well they represented the cluster. Those images with the lowest distance were selected as the representative images of each building. Sometimes, there were images that were irrelevant to the intended landmark that were also grouped into a cluster. This does not happen very often. In some cases, it is difficult to identify whether representative images selected from these groups are captured from less common aspects of the landmark or an unrelated object. Since there is no ideal way to deal with these images yet, a manual check was applied to select representative images that actually depicted the landmark. This step is illustrated in Figure 5 . clustering was applied to the noise images. The value of Eps was set higher than during the initial clustering to expose more image clusters. Finally, for images in each cluster generated from both the initial and the second clustering process, the cumulative distance was calculated. Images were ranked according to how well they represented the cluster. Those images with the lowest distance were selected as the representative images of each building. Sometimes, there were images that were irrelevant to the intended landmark that were also grouped into a cluster. This does not happen very often. In some cases, it is difficult to identify whether representative images selected from these groups are captured from less common aspects of the landmark or an unrelated object. Since there is no ideal way to deal with these images yet, a manual check was applied to select representative images that actually depicted the landmark. This step is illustrated in Figure 5 . 
Relevant Image Retrieval
After the selection of representative landmark images, the next step was to use an imagematching technique to retrieve images that contained the landmark but were not tagged with the name of the landmark in the whole building-related image dataset. As mentioned above, local features perform better than global features in reflecting object information. Therefore, local image features were selected to search for relevant images in this work. While traditional methods of extracting and representing local image features are generally based on carefully hand-crafted methods, deep-learning-based methods have achieved better performance than traditional ones in the past few years [30] .
In this work, a deep-learning algorithm named Learned Invariant Feature Transform (LIFT) [30] was applied for local-image-feature extraction and description. The architecture of this deep networkintegrated three individual CNNs that corresponded to the three steps in the local-feature-processing chain: feature detection, orientation computation, and feature description. Since the network was trained with image patches that contained feature points for the SFM reconstruction process, the learned features were robust to viewpoint changes and illumination conditions. As shown in Figure  6 , there were only nine valid feature matches of the image matching results based on SIFT, while there were 32 valid matched feature pairs that could be found based on LIFT. 
After the selection of representative landmark images, the next step was to use an image-matching technique to retrieve images that contained the landmark but were not tagged with the name of the landmark in the whole building-related image dataset. As mentioned above, local features perform better than global features in reflecting object information. Therefore, local image features were selected to search for relevant images in this work. While traditional methods of extracting and representing local image features are generally based on carefully hand-crafted methods, deep-learning-based methods have achieved better performance than traditional ones in the past few years [30] .
In this work, a deep-learning algorithm named Learned Invariant Feature Transform (LIFT) [30] was applied for local-image-feature extraction and description. The architecture of this deep network-integrated three individual CNNs that corresponded to the three steps in the local-feature-processing chain: feature detection, orientation computation, and feature description. Since the network was trained with image patches that contained feature points for the SFM reconstruction process, the learned features were robust to viewpoint changes and illumination conditions. As shown in Figure 6 , there were only nine valid feature matches of the image matching results based on SIFT, while there were 32 valid matched feature pairs that could be found based on LIFT. clustering was applied to the noise images. The value of Eps was set higher than during the initial clustering to expose more image clusters. Finally, for images in each cluster generated from both the initial and the second clustering process, the cumulative distance was calculated. Images were ranked according to how well they represented the cluster. Those images with the lowest distance were selected as the representative images of each building. Sometimes, there were images that were irrelevant to the intended landmark that were also grouped into a cluster. This does not happen very often. In some cases, it is difficult to identify whether representative images selected from these groups are captured from less common aspects of the landmark or an unrelated object. Since there is no ideal way to deal with these images yet, a manual check was applied to select representative images that actually depicted the landmark. This step is illustrated in Figure 5 . 
In this work, a deep-learning algorithm named Learned Invariant Feature Transform (LIFT) [30] was applied for local-image-feature extraction and description. The architecture of this deep networkintegrated three individual CNNs that corresponded to the three steps in the local-feature-processing chain: feature detection, orientation computation, and feature description. Since the network was trained with image patches that contained feature points for the SFM reconstruction process, the learned features were robust to viewpoint changes and illumination conditions. As shown in Figure  6 , there were only nine valid feature matches of the image matching results based on SIFT, while there were 32 valid matched feature pairs that could be found based on LIFT. In order to ensure the geometric consistency between seed images and matched images, the RANSAC algorithm was used to estimate their geometric relationship. The matched image pairs with inconsistent geometry were filtered. After RANSAC filtering, putative matches with fewer than 10 inliers were discarded, according to our experiences in this study. A problem that remained with the local-feature-matching algorithm was that the matching sequence of the images affected the results in most cases. Figure 7 shows an example of this. There were 11 matching pairs (mostly incorrectly matched) that could be detected when using the target image (selected image for specific building) to match the image to be tested. After transferring the matching order, only four matched pairs remained. Then, a bidirectional matching check was applied to match images from both directions. As a result, an image pair could only be considered a valid match if the number of inliers generated from both matching directions was higher than the threshold (10 were selected from the experiment results). Note that there are some improved algorithms that can achieve better retrieval performance. However, it should also be noted that image retrieval itself is an ongoing research topic in the field of computer vision. Designing a more sophisticated and efficient image-retrieval algorithm is beyond the scope of this research. In order to ensure the geometric consistency between seed images and matched images, the RANSAC algorithm was used to estimate their geometric relationship. The matched image pairs with inconsistent geometry were filtered. After RANSAC filtering, putative matches with fewer than 10 inliers were discarded, according to our experiences in this study. A problem that remained with the local-feature-matching algorithm was that the matching sequence of the images affected the results in most cases. Figure 7 shows an example of this. There were 11 matching pairs (mostly incorrectly matched) that could be detected when using the target image (selected image for specific building) to match the image to be tested. After transferring the matching order, only four matched pairs remained. Then, a bidirectional matching check was applied to match images from both directions. As a result, an image pair could only be considered a valid match if the number of inliers generated from both matching directions was higher than the threshold (10 were selected from the experiment results). Note that there are some improved algorithms that can achieve better retrieval performance. However, it should also be noted that image retrieval itself is an ongoing research topic in the field of computer vision. Designing a more sophisticated and efficient image-retrieval algorithm is beyond the scope of this research. 
Distribution Analysis
As stated previously, Flickr data distribution was analyzed based on two aspects, namely, semantic and spatial distribution.
Since Flickr images can be freely tagged using any words or phrases that users choose, textual metadata are less constrained than authoritative data, such as a geographical gazetteer. As shown in Figure 1 , textual metadata are not always associated with the content of the images. In this paper, the aim of semantic-distribution analysis was to explore how many images were annotated with the building's name (semantic-relevant) while the landmark was contained/not contained in its content (content-relevant/-irrelevant). How many images actually represent the landmark but are not labeled with its name (semantic-irrelevant) is another important issue to be addressed. For this purpose, these images were classified into three categories: (a) semantic-relevant and content-relevant images, (b) semantic-relevant but content-irrelevant images, (c) semantic-irrelevant but content-relevant images.
With regard to spatial distribution, we were interested in how these relevant images are distributed around a landmark. The spherical distance between images' recorded position and the actual position of the buildings (extracted from OpenStreetMap building footprints) was calculated for spatial distribution analysis.
Experiment Results
Image-Retrieval Results
The datasets used in the present study were downloaded from the Flickr API (https://www.flickr.com/services/api/) based on their locations. We retrieved all publicly available and geotagged Flickr images of London from 2016, and acquired more than 489,000 images in total. After the data-filtering process outlined in Section 3.1, 41,463 building-related images were retained. 
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The datasets used in the present study were downloaded from the Flickr API (https://www.flickr. com/services/api/) based on their locations. We retrieved all publicly available and geotagged Flickr images of London from 2016, and acquired more than 489,000 images in total. After the data-filtering process outlined in Section 3.1, 41,463 building-related images were retained. We selected six landmarks with sufficient images to test our retrieval approach and analyze their distribution patterns.
The name of each landmark was used as a query condition to retrieve tagged images for the image-clustering process. Since tags were lowercase and their blanks were removed before they were stored in the database, we queried, for instance, "buckinghampalace" for Buckingham Palace. These tagged images were labeled as positive or negative based on whether the landmark was present in the image or not. These corresponded to the images of categories a and b that were defined in Section 3.3, respectively. Table 2 gives the count of positive and negative images of each landmark. Figure 8 presents the performance of the image-clustering results based on different Eps combinations in the two-step clustering process. The performance of our retrieval approach was measured in terms of recall. The recall used here was the proportion of positive images retrieved based on the representative images to the total positive images of the landmark. To ensure that most relevant images were classified into the correct groups, MinPts was set as 2 in the implementation. That means that at least two similar images were needed to form a cluster. Representative images that achieved the best recall were used as seeds to search for relevant images. For instance, we selected representative images obtained from an Eps combination of 20 and 25 as the queries for these landmarks, except for the National Gallery, because the highest recall was achieved based on this combination, whereas images of the National Gallery tend to be captured from a limited area at the front of the building. Most of these images also appear similar and need to be distinguished with a low Eps (5 and 10 in the implementation). Table 2 gives the number of representative images and the retrieved images of each building. We selected six landmarks with sufficient images to test our retrieval approach and analyze their distribution patterns. The name of each landmark was used as a query condition to retrieve tagged images for the image-clustering process. Since tags were lowercase and their blanks were removed before they were stored in the database, we queried, for instance, "buckinghampalace" for Buckingham Palace. These tagged images were labeled as positive or negative based on whether the landmark was present in the image or not. These corresponded to the images of categories a and b that were defined in Section 3.3, respectively. Table 2 gives the count of positive and negative images of each landmark. Figure 8 presents the performance of the image-clustering results based on different Eps combinations in the two-step clustering process. The performance of our retrieval approach was measured in terms of recall. The recall used here was the proportion of positive images retrieved based on the representative images to the total positive images of the landmark. To ensure that most relevant images were classified into the correct groups, MinPts was set as 2 in the implementation. That means that at least two similar images were needed to form a cluster. Representative images that achieved the best recall were used as seeds to search for relevant images. For instance, we selected representative images obtained from an Eps combination of 20 and 25 as the queries for these landmarks, except for the National Gallery, because the highest recall was achieved based on this combination, whereas images of the National Gallery tend to be captured from a limited area at the front of the building. Most of these images also appear similar and need to be distinguished with a low Eps (5 and 10 in the implementation). Table 2 gives the number of representative images and the retrieved images of each building. 
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As stated in Section 4.1, landmark images were classified as a (semantic-relevant and contentrelevant), b (semantic-relevant but content-irrelevant), or c (semantic-irrelevant but content-relevant). The images of categories a and b were labeled manually, while images of category c were obtained through our retrieval approach. Figure 9 reveals that most landmark images were semantic-irrelevant but content-relevant. In other words, they belonged to category c. This reflects the fact that the majority of Flickr contributors did not make an effort to tag images besides uploading them in a relatively correct position. The proportion of category b images of the British Museum was higher than that of other landmarks. This is due to the fact that many images taken inside the museum failed to be filtered out, such as images of a building model, and were classified into category b.
Drawing upon the definition of precision and recall that was used in the information-retrieval scenario, the two indicators were used in this work to evaluate the performance of retrieving relevant images of a specific landmark through querying its name. While precision can be calculated by the proportion of category a images from all category a and b images, recall was evaluated through the proportion of category a images from all category a and c images. Therefore, the mean precision of the image-retrieval approach based on keyword searching was 60%, and the mean recall was 69%. The spatial distributions of landmark images are shown in Figure 10 . Content-relevant images of each landmark are visually depicted with red dots. It is obvious that most of them were located around the building, while only few images had relatively long distance from their corresponding buildings. For instance, images of Buckingham Palace and the National Gallery are mainly located in front of the building. This is due to there being an open square in front of them, and the front side of the building is more representative than the other sides. In the case of Westminster Abbey and St Paul's Cathedral, the facades of the different sides are quite distinctive. Hence, their images were mainly distributed around of these sides. Figure 11 presents a more intuitive view of the count distribution of the distance between images and their corresponding buildings. These images were divided into different layers based on the distance between the recorded position and the corresponding landmark. For instance, "0-50" stands for images within 50 m of the building, and "50-100" represents images in the 50 to 100 m range. It Drawing upon the definition of precision and recall that was used in the information-retrieval scenario, the two indicators were used in this work to evaluate the performance of retrieving relevant images of a specific landmark through querying its name. While precision can be calculated by the proportion of category a images from all category a and b images, recall was evaluated through the proportion of category a images from all category a and c images. Therefore, the mean precision of the image-retrieval approach based on keyword searching was 60%, and the mean recall was 69%.
The spatial distributions of landmark images are shown in Figure 10 . Content-relevant images of each landmark are visually depicted with red dots. It is obvious that most of them were located around the building, while only few images had relatively long distance from their corresponding buildings. For instance, images of Buckingham Palace and the National Gallery are mainly located in front of the building. This is due to there being an open square in front of them, and the front side of the building is more representative than the other sides. In the case of Westminster Abbey and St Paul's Cathedral, the facades of the different sides are quite distinctive. Hence, their images were mainly distributed around of these sides. Figure 11 presents a more intuitive view of the count distribution of the distance between images and their corresponding buildings. These images were divided into different layers based on the distance between the recorded position and the corresponding landmark. For instance, "0-50" stands for images within 50 m of the building, and "50-100" represents images in the 50 to 100 m range. It is clear that images were mainly located in the 50-150 m range, as shown in Figure 12 , where the light-or dark-green layers are always wider than the other layers and lie at the bottom of the graphs.
is clear that images were mainly located in the 50-150 m range, as shown in Figure 12 , where the light-or dark-green layers are always wider than the other layers and lie at the bottom of the graphs. Figure 12 shows the cumulative count distribution of the distance from images to corresponding buildings, with "50" meaning the proportion of images within 50 m of the building. It is clear that more than 97% of the images were distributed, on average, in the range of 300 m from the buildings. A possible explanation is that it was difficult to capture these landmarks at a distance of over 300 m. is clear that images were mainly located in the 50-150 m range, as shown in Figure 12 , where the light-or dark-green layers are always wider than the other layers and lie at the bottom of the graphs. Figure 12 shows the cumulative count distribution of the distance from images to corresponding buildings, with "50" meaning the proportion of images within 50 m of the building. It is clear that more than 97% of the images were distributed, on average, in the range of 300 m from the buildings. A possible explanation is that it was difficult to capture these landmarks at a distance of over 300 m. 
Discussion
This study utilized an approach combining image-clustering and -matching techniques to retrieve landmark images, and explored the semantic and positional distribution of these images. The image-retrieval results demonstrated that our approach retrieved a relatively large number of images that visually represented the landmark, but were not annotated with the name of the landmark. With respect to the distribution pattern of landmark images, semantic distribution showed that the accuracy of tags that annotated the image was 60%, on average. This means that 60% of the images were not only tagged with the name of the landmark but also represented it. This result is similar to the observation of [18, 19] . The mean recall of the textual query of six landmarks, meanwhile, was only 31%. According to the result of [12] , the larger the collection of images that correspond to a scene is, the better the performance of its 3D reconstruction is. It can thus be concluded that image-retrieval work based on the keyword-searching approach misses more than 69% of relevant images. That is a large amount of valuable data for 3D building-reconstruction analysis.
Spatial distribution showed that most relevant images were located within 300 m of the building. Therefore, compared to collecting images by using keyword searches, query images based on its geographic coordinates obtain more relevant images. Further, this finding could greatly reduce the searching range (i.e., 300 m around a given location) of the image-collection process.
Since even state-of-the-art image-retrieval approaches cannot retrieve all images that actually depict a landmark, some relevant landmark images were also omitted in our approach, especially for St. Paul's Cathedral and the National Gallery, which could be photographed from quite a wide range. Images that were taken from some specific viewpoints cannot be grouped into any clusters. Moreover, there were many images that only captured part of the buildings, such as a window of St. Paul's Cathedral that is hard to match. Nevertheless, this indicated that the proportion of contentrelated images missed by keyword searching was more than we calculated.
In this work, the spatial-distribution pattern was only explored for a number of landmarks in London. According to [21] , positional accuracy may vary in different regions due to the varying percentage of images that were taken with GPS-equipped units. Nevertheless, we may argue that the distribution pattern explored in this work should be similar to those in other cities because the quality characteristics of Flickr as a sort of VGI data should be more or less similar due to the mechanism of data contribution. Figure 12 shows the cumulative count distribution of the distance from images to corresponding buildings, with "50" meaning the proportion of images within 50 m of the building. It is clear that more than 97% of the images were distributed, on average, in the range of 300 m from the buildings. A possible explanation is that it was difficult to capture these landmarks at a distance of over 300 m.
This study utilized an approach combining image-clustering and -matching techniques to retrieve landmark images, and explored the semantic and positional distribution of these images. The imageretrieval results demonstrated that our approach retrieved a relatively large number of images that visually represented the landmark, but were not annotated with the name of the landmark. With respect to the distribution pattern of landmark images, semantic distribution showed that the accuracy of tags that annotated the image was 60%, on average. This means that 60% of the images were not only tagged with the name of the landmark but also represented it. This result is similar to the observation of [18, 19] . The mean recall of the textual query of six landmarks, meanwhile, was only 31%. According to the result of [12] , the larger the collection of images that correspond to a scene is, the better the performance of its 3D reconstruction is. It can thus be concluded that image-retrieval work based on the keyword-searching approach misses more than 69% of relevant images. That is a large amount of valuable data for 3D building-reconstruction analysis.
Since even state-of-the-art image-retrieval approaches cannot retrieve all images that actually depict a landmark, some relevant landmark images were also omitted in our approach, especially for St. Paul's Cathedral and the National Gallery, which could be photographed from quite a wide range. Images that were taken from some specific viewpoints cannot be grouped into any clusters. Moreover, there were many images that only captured part of the buildings, such as a window of St. Paul's Cathedral that is hard to match. Nevertheless, this indicated that the proportion of content-related images missed by keyword searching was more than we calculated.
In this work, the spatial-distribution pattern was only explored for a number of landmarks in London. According to [21] , positional accuracy may vary in different regions due to the varying percentage of images that were taken with GPS-equipped units. Nevertheless, we may argue that the distribution pattern explored in this work should be similar to those in other cities because the quality characteristics of Flickr as a sort of VGI data should be more or less similar due to the mechanism of data contribution.
Conclusions
This paper gave insight into the distribution pattern of VGI images associated with landmarks through text annotations as well as visual content. The semantic-distribution results showed that retrieving images of a specific building based on keyword searching misses a significant number of content-related images. These missed images may provide additional information about landmarks that could be used to improve image-based applications, such as 3D reconstruction. With respect to spatial distribution, the statistical results showed that most relevant images were located within 300 m of the landmarks, which would greatly reduce the data-collection range for tasks that retrieve VGI images based on geolocation information.
In the future, the framework for retrieving Flickr images will be optimized to be more efficient. The spatial distribution of Flickr images in other big cities will also be analyzed in order to check/verify the research findings in this paper.
